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Abstract – Distribution feeder is the final stage in the delivery of electricity to consumers. The feeder can be radial or networked. 
Radial feeders leave the power station towards the consumers without any connection to other power supply. Networked feeders 
have multiple connections to other supply points. It is common for long radial feeders for voltage to drop along the way and for losses 
to increase with increasing consumer’s power or the number of consumers.  In order to minimize feeder losses and improve voltage 
profile distributed generation (DG) can be implemented. It is important to define the optimal location and power of distributed 
generation in a specific feeder to obtain its maximum potential benefits. This paper presents a solution for optimal DG placement 
by selecting the right terminal and power of DG using the Genetic Algorithm (GA) and the Artificial Neural Network (ANN) hybrid 
method. The method is tested on a part of Croatian distribution network and verified by DIgSILENT PowerFactory software and the 
analytical approach. The results and comparison thereof and presented in clear and legible form.
Keywords – artificial neural network, distribution feeder, distributed generation, genetic algorithm.
1. INTRODUCTION
Distributed generation (DG) changes the distribu-
tion network which, when DG is included, becomes an 
active load network resulting in changes of the power 
flow. Current-voltage conditions are now dependent 
on not only the consumers and their consumption, 
but also on the amount of power produced by DG. If 
selected properly and sized correctly, DG can improve 
electrical conditions, such as voltage, loss reduction, 
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relieved transmission and distribution congestion, im-
proved utility system reliability and power quality in 
the distribution network, [1].
Power flow analysis can provide a good designation 
of influence of each and every DG in the power system. 
Since small DGs mostly come from intermittent sourc-
es, it becomes necessary to implement an advanced 
management system for the power distribution net-
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work because repetitive power flow calculations could 
be resource and time consuming. Accordingly, it is nec-
essary to develop mathematical optimization models 
that can be implemented in the management system 
developed for the power distribution network [2]. 
This paper is logically divided into three parts orga-
nized in five main chapters. Section 1 briefly describes 
the optimization problem and presents the mathemat-
ical framework. An artificial neural network (ANN) is de-
scribed in Section 2 in which the process of loss estima-
tion by ANN is also presented. The semi-hybrid method 
consisting of an ANN and the Genetic Algorithm (GA) 
is shown in Section 3. Finally, Section 4 presents opti-
mization results and improvements made to the dis-
tribution network. Section 5 sums up contents of the 
aforementioned sections.
2. PROBLEM FORMULATION
The optimization problem can be described by a 





where vector u is a vector of control variables, x is a 
vector of state variables, scalar f(x) is the objective func-
tion, while restrictions are given by the system of equa-
tion g(x, u) and inequalities h(x,u) [2].
The main goal of the proposed method is to deter-
mine the best location or multiple locations in the dis-
tribution power system for adequate distributed gen-
eration by minimizing different functions related to 
research goals, which are:
1. Reduction of active power losses in the observed 
power system, and
2. Voltage profile improvement in the observed ra-
dial feeder.
As the two above conditions are often inversely pro-
portional to each other, there is a golden mean which 
represents the ideal optimal solution.
2.1. OBJECTIVE FUNCTION AND 
 CONSTRAINTS
The main objective function could be described as 
follows:
(3)
where Plosses are losses of active power in the ob-
served distribution power system.
The objective function of active power loss mini-
mization is not sufficiently suitable without technical 
restrictions and a correct formulation of optimization 
constraints and could lead to wrong conclusions if the 
latter had not been accepted [2]. 
Optimal placement of distributed generation and 
the installed power solution provided with the pro-
posed scientific method must be realistic and should 
not produce negative impacts on other system aspects 
such as voltage profile, demand response and power 
system reliability indicators. Constraints which need to 
be considered in the optimization process are active 
power constraints, reactive power constraints, appar-
ent power through each branch constraints, voltage 
level constraints and constraints of reactive power gen-
eration in DG [1, 2, 4].
3. ARTIFICIAL NEURAL NETWORK DESIGN AND 
IMPLEMENTATION
In this paper, an artificial neural network (ANN) is de-
veloped in order to bypass a large number of iterative 
power flow calculations in a radial distribution network. 
An ANN replaces numerical and analytical calculations 
with a very good assessment. The main advantage of 
using the ANN lies in the speed of execution.
A typical back-propagation network, as evident in 
available literature, has an input layer, an output layer, 
and at least one hidden layer. The numbers of hidden 
layers are theoretically infinite but usually one to ten 
layers is adequate to solve any kind of complex prob-
lems [4].
Determining the correct number of neurons in the 
hidden layer is crucial for proper behavior of the ANN 
as a system which can be described as a transfer func-
tion G(s) with multiple inputs and outputs:
(4)
where y (k) is an output value in discrete time k, F is 
a transfer function, wi is a weight factor value where i 
can have any value between 0 and m, xi  represents the 
input value where i can have any value between 0 and 
m and b is bias.
 The exact number of hidden neurons can be best 
determined empirically, but it is an unwritten rule that 
the number can be determined by the following equa-
tion [5]:
(5)
where Nh, Ns,  Ninput,  Noutput, and k are the number of hid-
den neurons, a known number of samples for training, 
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of output neurons, and an arbitrary factor that is deter-
mined empirically, respectively.
The training data for the ANN consists of results of 
loss calculation for various DG active power production. 
In creating training data DG active power is changed in 
multiple operation scenarios from 0 kW (which repre-
sents a power distribution system with no DG produc-
tion) to 1.350kW (excessive production by technical 
limits of the observed generator) in 10kW increments. 
Additionally, the voltage level on the low-voltage side 
and the voltage level on the medium-voltage side, 
given in per-unit (p.u.) values, and the injected current 
from DG production, given in kA, are discussed and ob-
served for each operation scenario. Target data for ANN 
training are total radial feeder losses for each operation 
scenario connected to nine hidden layer neurons.
This particular feed-forward ANN with four input 
neurons, nine hidden neurons and one output neuron 
can be described by the following equations:
(6)
where m1 to m9  represent values of hidden neurons 
focused towards the output layer, F1 and F2  represent 
transfer functions, q1 to q4 represent weight factor val-
ues of four input neurons and n1 to n4  represent  trans-
fer function values of input neurons.
The output value y is then determined by:
(7)
where Fo represents the transfer function of the out-
put neuron, r1 to  r9 represent weight factor values of 
neuron connections from nine hidden neurons to out-
put neuron, and m1 to m2 represent values provided 
by nine hidden neurons and their transfer functions, 
respectively. 
The results of each operation scenario are repre-
sented in tables. Power losses in the electrical network 
can be computed by means of load flow simulation 
generated in DIgSILENT PowerFactory software. Those 
results can be used to control results provided by the 
ANN. Quantification and determination of power loss-
es are essential due to the impact on the power system 
economic operation and the lifetime of the included 
equipment [6]. Performance of ANN training is shown 
in Fig. 1.
Fig. 1. Performance diagram of ANN training
For the purpose of electrical network modelling, 
data is obtained from the Croatian national grid 
company “HEP-ODS Elektroslavonija” for part of the 
distribution network with the nominal voltage of 
35(20)kV and 0.4 kV with 48 terminals, 23 transform-
ers and 25 semi-different low-voltage loads. The dis-
tribution network is connected to the transmission 
network on two sides, but it is never doubly fed due 
to operator technical conditions. If it is fully loaded, 
doubly-fed, the voltage drops under 0.89 p.u.
Fig. 2. Voltage values on terminals in a fully loaded 
distribution network
3.1. LOSS ESTIMATION BY ANN
The ANN is modelled in MATLAB software. After 
the procedure of ANN training is finished, a graph 
representing how the results given by the ANN cor-
respond to the control variables and results provid-
ed by DIgSILENT PowerFactory, can be created, as 
shown in Fig. 3.
The results provided by DIgSILENT PowerFactory 
power flow calculation are taken as correct real-life 
values since this software has previously and fre-
quently proven its reliability and precision [2]. Re-
sults provided by the ANN are accurate only in sin-
gle-fed scenarios with static consumption models. 
In doubly-fed network types and with variable con-
,
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sumers, the ANN cannot provide an accurate enough 
solution in all cases. This provides a good basis for 
further research. The ANN is first tested on one ter-
minal which is randomly selected for DG connection. 
The behavior of ANN estimation is precise and accu-
rate, regardless of which number of implementation 
terminals and DG power it is tested on as long as it is 
a single-fed feeder with static consumers.
By running the ANN on a set of variables for a select-
ed terminal and running the power flow calculation in 
DIgSILENT PowerFactory software with the same DG 
values, results can be compared and evaluated. The 
performance of the ANN is acceptable; the comparison 
of results given by DIgSILENT PowerFactory and the 
ANN after proper training shows that the ANN man-
ages to determine the valid value of power losses in 
a single-fed feeder with static consumers. The ANN 
results are generally matching results provided by DIg-
SILENT PowerFactory. Furthermore, additional training 
data from various types of operating scenarios could 
be useful if improved precision were an objective.
4. GENETIC ALGORITHM AND ANN HYBRID 
METHOD
Coding of parameters optimised and coding of results 
has to be a fixed-length bit string record in order for GA 
to function properly. Each position in a string represents 
a particular feature of an individual solution, i.e., power 
or location of submitted DG. The value stored in that 
particular position shows how one feature is evaluated 
in the solution. In specific requirements, for the pur-
pose of research, operation scenarios are divided by the 
power of implemented DG and by the position of the 
connected terminal. The arrangement of operation sce-
narios in the number of population can be determined 
in several ways, as presented by Alinejad-Beromi et al. [4] 
and Abour El-Ela et al. [6]. The authors of this paper used 
DG power as a difference from each population which 
implies that the number of population is equal to the 
number of different power possibilities. Individuals in 
each population differ from each other by the number 
of terminals on which they are connected to the distri-
bution network. The proposed method is represented 
by the algorithm shown in Fig. 4; it uses the GA and the 
ANN to find the best solution.
4.1. LOAD MODEL
The total installed peak power demand in the ob-
served distribution system is 2.59MVA with an average 
power factor of 0.92-0.95. The conditions considered 
by this research are a peak loaded network with a load 
diversity factor of one (static consumers). Simulation 
and performance evaluation of the proposed method 
has been conducted for time-independent loads and 
time-independent generation.  Since the modeled sys-
tem is part of the Croatian National Grid Company 
“HEP-ODS Elektroslavonija” with mostly domestic 
consumers, there are no conditions of uninterrupted 
supply other than those given by the legal framework 
of the Republic of Croatia.
4.2. DISTRIBUTED GENERATION
There are different types of DG differed by their ener-
gy source and time-dependent production, [6]. In this 
paper, DG is modelled as a PQ node, with a power fac-
tor of cos φ = 1, and power that can vary from 100kW to 
1350kW. The selected type of DG is based on a real type 
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Fig. 3. Fitting of the ANN
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of generator widely used in distributed production 
worldwide. For the purpose of this model, Stamford 
generator with nominal power of 1350kW, 1500 min-1 is 
chosen, as part of a GE Gas Engine solution.
Fig. 4. The proposed method represented by the 
basic algorithm
5. PERFORMANCE EVALUATION AND RESULTS
Voltage profile in the observed distribution network 
after DG implementation is shown in Fig. 5. The lowest 
voltage level for this operation scenario was 0.95 p.u, 
and also regardless of the DG implementation termi-
nal, the voltage level never exceeded the upper techni-
cal limit of 1.1 p.u.
Fig. 5. Voltage values on terminals with DG
Optimization results obtained by means of the GA 
clearly indicate the global minimum of the values set, as 
shown in Fig. 6. The power of DG ranging from 1100kW 
to 1250kW causes the lowest level of total active power 
losses in the analyzed system and represents the best 
result of DG placement and power selection. This indi-
cates the result with the lowest system losses, 1150kW 
DG on Terminal 8 located in the middle of the distribu-
tion feeder, on the fourth set of low-voltage terminals 
from 10 sets. A GE Gas Engine with Stamford generator 
is entirely capable of providing such power level. Total 
active power losses before installing DG in the distri-
bution system were 468kW; after implementing DG 
on the designated terminal, total system losses were 
274kW, or 41.4% lower. 
The proposed solution provided by the GA and ANN 
method is evaluated with DIgSILENT PowerFactory 
software in order to check precision and accuracy of 
results. In accordance with these requirements, the 
generator is modelled in DIgSILENT PowerFactory on 
Terminal 8, with 1150kW installed power. Power flow 
calculation is performed for that operation scenario, 
and a significant improvement in active power losses 
reduction and regulation of voltage values on each 
terminal are observed and confirmed. Results given by 
the proposed method modelled in MATLAB and results 
provided by simulation in DIgSILENT PowerFactory 
correspond to strong similarity. This result confirms the 
opinion of the authors that the methods of soft com-
puting can be successfully used in power system op-
timization with regard to the guidelines by which the 
chosen method is performed. The main advantage of 
using soft computing methods in power system opti-
mization is the speed of execution and the possibility 
of avoiding many repetitive calculations.
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Fig. 6. Surface diagram of scenarios analysed by GA
6. CONCLUSION
An advanced optimization method based on Artificial 
Neural Networks (ANN) and Genetic Algorithms (GA) is 
proposed in this paper, and it is successfully demonstrat-
ed how the method could be used for determination of 
the size and location of DG. The process of power system 
optimization can be conducted by means of soft com-
puting if guidelines for proper coding and recording of 
problems are followed. This method is based on formu-
lation by an objective function and technical constraints. 
The quickly obtained correct solution for solving the 
given formulation is provided by using the ANN which 
is trained via power-flow calculation results provided by 
DIgSILENT PowerFactory software. The ANN proved to 
be fully functional for single-fed networks. 
In addition, a GA is used for finding the best opti-
mal solution, i.e., the one with the lowest active power 
losses, based on the best fitness performance of each 
individual in each population. Populations differ by 
the power of DG installed, and individuals differ by the 
number of terminals they are connected to.
Improvements in voltage profiles and active power 
losses reduction made by the proposed method con-
firm the usefulness of the combination of the ANN and 
the GA for providing fast and accurate enough optimi-
zation solutions in radial distribution systems. Results 
obtained in this paper make a good basis for further 
research which could be oriented to providing a new 
method for power system online management.
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